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1 Introduction
Attention matters. A growing literature is concentrating on the role of attention in human
decision making. In the consumer behavior literature, there is little doubt that consumers’
attention is limited, and one of the main objectives of marketing campaigns is simply to
attract and direct it (e.g., Roberts & Lattin, 1991; De Los Santos & Wildenbeest, 2012).
Recent contributions in decision and game theory have shown how differences in attention
and information processing correlate with decision-making styles and biases (e.g., Knoepfle
et al., 2009; Reutskaja et al., 2011; Polonio et al., 2015). Prominent models from cognitive
psychology conceive of decision values as the result of evidence accumulation processes
(e.g., Ratcliff, 1978; Ratcliff & Rouder, 1998; Usher & McClelland, 2001). A key insight of
these models is that the construction (or discovery) of value is directed by visual attention,
that is, evidence accumulates only if the alternative (or a corresponding attribute) is attended
to. This is the essence, for instance, of the attentional drift-diffusion model (Krajbich et al.,
2010; Krajbich & Rangel, 2011; Krajbich et al., 2012). This is in agreement with evidence
from decision neuroscience suggesting that decision values (neural correlates of choices) are
constructed by aggregating inputs from different decision processes or attribute evaluations
(Shadlen & Kiani, 2013; Shadlen & Shohamy, 2016).
In this paper, we provide direct empirical evidence substantiating the role of attention
for an important anomaly in decision making under risk, maybe one of the most famous and
wide-ranging ones: the classic preference reversal phenomenon (Lichtenstein & Slovic,
1971; Grether & Plott, 1979; see Seidl, 2002 for a detailed survey). The phenomenon
refers to a pattern of decisions under risk where decision makers explicitly provide mone-
tary values for long-shot lotteries which are above those of more moderate ones, but then
choose the latter, in contradiction with Expected Utility Theory and any value-based theory
as Cumulative Prospect Theory. We focus on eye-tracking measurements during a prefer-
ence reversal experiment with two different treatments (varying the mode of evaluation of
lotteries) to provide direct evidence on the role of attention.
A large literature has demonstrated the robustness of this preference reversal phe-
nomenon and postulated different, sometimes competing, explanations (e.g., Tversky et al.,
1988, 1990; Tversky & Thaler, 1990; Casey, 1994; Fischer et al., 1999; Cubitt et al., 2004;
Schmidt & Hey, 2004; Butler & Loomes, 2007). The phenomenon is typically demonstrated
in paradigms involving pairs of lotteries consisting of a relatively safe lottery, called the
P-bet (for “probability”), and a riskier lottery offering a larger prize (a long shot), called the
$-bet. Individual preferences over such pairs are then elicited both through pairwise choices
and by comparing valuations obtained separately for each lottery through (typically) stated
minimal selling prices (Willingness To Accept, WTA). Decision makers often choose the
P-bet in the direct choice task, but explicitly value the $-bet above the P-bet, in contradic-
tion with the most basic tenets of decision theories under risk, and specifically with the
indifference between a lottery and its certainty equivalent. This phenomenon reveals an
inconsistency between elicitation methods which should be equivalent. In turn, this incon-
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sistency is both highly relevant and consequential for applied economic analysis, because
individual preferences are in practice often estimated on the basis of monetary valuations
and related constructs (see Bateman et al., 2002, for an overview).
Of course, a number of reversals are to be expected simply because choices and eval-
uations are noisy, but the fundamental observation which needs to be explained is the
asymmetry. That is, the reversal pattern described above, where P-bets are chosen but
$-bets are valued above them (often called “predicted reversals”), occurs much more fre-
quently (often above 50% of the time, conditional on the P-bet being chosen) than the
opposite pattern, in which $-bets are chosen but 𝑃-bets receive a higher valuation (often
called “unpredicted reversals”).
A prominent argument on the origins of the reversal phenomenon is the Compatibility
Hypothesis (Tversky et al., 1988, 1990). Essentially, it states that, when an evaluation
is elicited, attributes that naturally map onto the evaluation scale are given predominant
weight. That is, eliciting a monetary evaluation (willingness to accept) makes the monetary
outcomes of lotteries more salient and might anchor valuations, giving rise to an overpricing
of the $-bets, where the associated monetary outcomes are large. It is not difficult to see
how, in a noisy environment, such a phenomenon might give rise to preference reversals as
found in the literature. For, if the elicited evaluations of $-bets are systematically biased up
with respect to their true certainty equivalents, it is likely that part of the choices where a
𝑃-bet is chosen are associated with overpriced $-bets, resulting in many predicted reversals.
In contrast, for choices where the $-bet is chosen, the same overpricing makes it unlikely
that the 𝑃-bet is valued above the $-bet, resulting in few unpredicted reversals. A formal
model based on evaluation noise, making also predictions for the associated decision times,
was proposed and tested in Alós-Ferrer et al. (2016).
The Compatibility Hypothesis and related explanations of the preference reversal phe-
nomenon essentially rest on the assumption that asking for a monetary valuation results in
the overweighting of (salient) monetary outcomes. It is then reasonable to assume that elic-
iting valuations through a monetary scale shift visual attention toward monetary outcomes,
compared to evaluation methods not relying on a monetary scale. We hence hypothesize
a link between overweighting of monetary outcomes and visual attention on outcomes.
Specifically, overweighting should be observable through an attentional shift. However, it
should be noted that a failure to find supportive evidence for this hypothesis would not un-
dermine the Compatibility Hypothesis in itself, while finding supportive evidence would be
in line both with the Compatibility Hypothesis and our added hypothesis that overweighting
should be reflected in a shift in visual attention.
In this study, we want to explicitly test this hypothesis by examining gaze data obtained
through eye tracking during decisions under risk in the framework of the preference reversal
phenomenon. To establish the link between monetary valuations and attentional shifts,
we conduct a preference-reversal experiment with two treatments, one using a standard
monetary valuation, and the other relying on an ordinal-based evaluation task without
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reference to monetary scales. This allows us to test whether the monetary valuation, relative
to other evaluation methods, results in a shift in attention toward monetary outcomes.
A previous study by Kim et al. (2012) investigated visual fixations in a preference-
reversal experiment, but relied on a single treatment with monetary valuations. They
observed that monetary amounts were fixated more than probabilities during evaluations
but the opposite was true during choices, which can be taken as initial evidence in favor of a
role of attention in preference reversals. However, their experiment departed from standard
implementations in several ways. First, the description used to elicit monetary valuations
by Kim et al. (2012) (“bidding”) corresponds to Willingness To Pay, while the standard
in preference reversal experiments is Willingness To Accept (experiments using WTP do
not always find the preference reversal phenomenon, see Casey, 1991 and Schmidt & Hey,
2004). Second, lottery choices were repeated twice, which leads to different definitions
of preference reversals. Our first treatment can be seen as a (conceptual) replication of
this work, while relying on a standard implementation of preference reversal experiments.
In particular, we will also compare the number of fixations in outcomes and probabilities
within this treatment. However, without an additional treatment, it remains unclear whether
the effect reported by Kim et al. (2012) is due only to the presence of a monetary scale for
evaluations (which is absent for choices), or whether it is confounded by the differences
between evaluations of single lotteries, where a numerical estimate needs to be provided,
and actual binary choices. For instance, people have notorious difficulties dealing with
probabilities, hence it is to be expected that the default (in the absence of a monetary scale)
is a larger number of fixations on probabilities than on the easy-to-understand outcomes,
rather than an equal distribution, and these differences could interact with whether a choice
or an evaluation is being made.
We aim to provide additional evidence in the form of a direct comparison across different
evaluation methods, while also confirming the results of Kim et al. (2012). That is, our
hypotheses are that monetary amounts should be fixated more than probabilities in an eval-
uation phase where a monetary scale is used, compared to the choice phase (as in Kim et al.,
2012), but also compared to a different evaluation phase where a monetary scale is absent.
Confirming both hypotheses (evaluations vs. choices and monetary vs. non-monetary eval-
uations) would provide concurrent evidence for the link between overweighting and visual
attention. For this purpose, we chose a second treatment where the monetary evaluation is
replaced with the elicitation of an ordinal ranking within a small subset of lotteries. The
reason is twofold. On the one hand, this treatment is a straightforward implementation of a
ranking (as opposed to a monetarily-framed rating) which requires no reference to monetary
values at all. On the other hand, it has been previously shown that this evaluation method
shuts down the preference reversal phenomenon and, instead, elicits a “reversal of the pref-
erence reversal phenomenon” (Casey, 1991; Bateman et al., 2007; Alós-Ferrer et al., 2016,
2020) where the rate of unpredicted reversals exceeds the rate of predicted ones. Thus, this
is a natural choice for a comparison treatment where overweighting can be assumed to be
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less relevant or nonexistent (see Alós-Ferrer et al., 2016, 2020, for details).
Our treatment comparison is related to the study of Rubaltelli et al. (2012), who an-
alyzed fixations on gambles which were evaluated according to two different methods
(within). Their study did not include a choice phase (and hence preference reversals cannot
be observed), and choices were not incentivized. However, their evaluation treatments
conceptually parallel ours. The first was a pricing-based evaluation similar to ours, with the
difference that they used Willingness To Pay instead of Willingness To Accept. The second
asked subjects to evaluate gambles using levels of attractiveness (−5=“very unattractive” to
5=“very attractive”). Although this is not a purely-ordinal ranking task as ours, the abstract
rating, though numerical, is in principle void of monetary content. Subjects fixated more
on outcomes than probabilities when pricing the lotteries, but there were no differences
when rating them according to attractiveness. Although the tasks are very different and not
representative of the ones used in the literature on the standard reversal phenomenon, this is
in line with the hypothesis that the overweighting of monetary valuations predicted by the
Compatibility Hypothesis should correspond to an increased visual attention on outcomes
during monetary evaluations.
Finally, we complement the demonstration of an attentional shift across different eval-
uation modes at the aggregate level with evidence for the role of attention at the level
of individual decisions. Following Alós-Ferrer et al. (2020), we included an additional,
independent block of decisions under risk in the experiment, allowing for an out-of-sample
estimation of individual utilities and certainty equivalents. For the treatment with mone-
tary evaluations, we then obtain a quantitative measure of overpricing, in the form of the
difference between the certainty equivalent and the elicited valuation. We then relate this
measure of overpricing to visual attention by examining the effect of fixations on each lottery
on the corresponding overpricing. The effects are admittedly modest, but we do find that
attention on $-bets is associated with their overpricing, in line with the basic interpretation
that increased attention boosts value. In contrast, attention on P-bets has no effect.
Our study belongs to the growing literature directly examining eye-tracking measure-
ments in the social sciences. This technique is relatively common in psychology and
neuroscience, but has only recently gained popularity for the study of individual decisions
under risk (e.g., Glöckner & Herbold, 2011; Ludwig et al., 2020). Most of the recent studies
in this and related fields target gaze and fixation data to study search patterns or processes
of information acquisition (e.g., Knoepfle et al., 2009; Reutskaja et al., 2011; Polonio et al.,
2015; Devetag et al., 2016; Polonio & Coricelli, 2019). Exceptions are Wang et al. (2010),
who (in addition to fixation patterns) examined pupil dilation in sender-receiver games and
found larger pupil dilation when deceiving messages were sent and Alós-Ferrer et al. (2019),
who used pupil dilation as an indicator for cognitive effort in a Bayesian Updating task with
varying incentives.
There are, of course, many other types of preference reversals in the literature, where
two different choices stand in contradiction with a normative prediction. Other prominent
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examples of preference reversals are the asymmetric dominance or “decoy” effect (Huber
et al., 1982; Pettibone, 2012), the compromise effect (Simonson, 1989), and the similarity
effect (Tversky, 1972). In an eye-tracking experiment, Noguchi & Stewart (2014) investigate
these effects in consumer choice tasks and conclude that they might be compatible with
choices arising from a series of single-attribute comparisons. This view is conceptually
aligned with ours in the sense that the relative weight of comparisons along different
attributes is at the root of the respective effects.
The paper is structured as follows. Section 2 presents the experimental design in detail.
Section 3 discusses the behavioral and eye-tracking results for the treatment comparisons.
Section 4 discusses the utility estimation, the derivation of an overpricing measure, and
its relation to attention data. Section 5 concludes. The Appendix includes a detailed
description of the random utility model estimation procedure (Appendix A), a list of all
lottery pairs used in the experiment (Appendix B), translated instructions (Appendix C),
and example screenshots of the experiment (Appendix D).
2 Experimental Design and Procedures
Our dataset encompasses a total of 59 subjects (31 females, average age 22.6 years), who
were measured in individual sessions.1 Individual sessions lasted 48 minutes on average,
and subjects earned an average of 15.86 Euro (SD= 9.86), plus a 4 Euro show-up fee.
Subjects were recruited from the student population of the University of Cologne using
ORSEE (Greiner, 2015), excluding students majoring in psychology and economics (who
could have been taught about the preference reversal phenomenon), and subjects who had
previously participated in similar experiments (involving lottery choice). The experiment
was programmed in PsychoPy (Peirce, 2007). There were two treatments, Price and Rank,
with 30 and 29 subjects, respectively.
2.1 Design
The experiment followed closely the general setup of behavioral experiments on preference
reversals (e.g., Alós-Ferrer et al., 2016, 2020), with suitable modifications to accommodate
eye-tracking measurements. Our intention was to establish attentional shifts within the
classical paradigm without adding any potential confounds, and specifically compare it
to the ranking design where the reversal of the preference reversal phenomenon has been
elicited. We now describe the paradigm, the treatments, and the adjustments needed for
eye-tracking measurements.
1One additional subject had to be excluded from the analysis due to poor eye-tracking data quality. An
additional measurement was not completed because the subject took extremely long for her decisions and
exceeded the allocated slot.
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The experiment comprised three phases. The first and shortest one consisted of choices
between 36 lottery pairs, unrelated to the P- and $-bets used in the subsequent two parts.2
32 of these choices were used for the estimation of individual preferences out of sample,
which is relevant for the analysis in Section 4 below, and the remaining 4 choices were used
to check for dominance violations.3
The main part of the experiment consisted of the second and third phases, which taken
together correspond to a standard preference reversal experiment, except for the fact that
eye-tracking data was collected. The second was the evaluation phase, in which we elicited
the subjects’ valuations for 60 P-bets and 60 $-bets. In the Price treatment, subjects stated
their willingness-to-accept (WTA) valuations for each lottery. Specifically, they were asked
to state their minimal selling price for each of the 120 lotteries. Each lottery was presented
on a separate screen. All lotteries were of the form 𝐴 = (𝑝, 𝑥), that is, 𝐴 pays an amount 𝑥
with probability 𝑝 and zero otherwise. Subjects’ WTAs were limited to the range [0, 𝑥]. In
the Rank treatment, we aimed to obtain ordinal evaluations as in Bateman et al. (2007) or
Alós-Ferrer et al. (2016). The same 120 lotteries used in the Price treatment were presented
in blocks of six, and subjects assigned ranks to them from their most (rank 1) to their
least preferred option (rank 6) according to how much they desired to play each lottery.
Each block contained three P-bets and three $-bets. To ensure comparability between
treatments, the lotteries in Price treatment were also presented in 20 “rounds,” separated by
screens announcing the next round. Each such round consisted of six lotteries presented
sequentially, with the set of lotteries in a round corresponding to one block in the Rank
treatment.4
The last phase was a a choice task, identical across treatments.5 Subjects faced again
the lotteries from the evaluation phase, now presented in 60 pairs, each consisting of a $-bet
and a P-bet. For each of the 60 pairs, subjects were asked to choose which lottery they
preferred to play. Pairs were constructed in such a way that a block in the second phase
contained exactly three of the pairs used in the third phase, but the order of presentation of
the pairs was randomized (for ease of implementation, each subject was randomly assigned
to one of four different, pre-randomized sequences of lottery pairs).
In all parts of the experiment, lotteries were presented in the form of two framed boxes
stacked vertically, one showing the outcome and one showing the probability of the lottery.
The position of the two boxes (i.e., whether the monetary amount was on top or not) was
counterbalanced across subjects. This presentation ensured a physical separation of the
different dimensions of a lottery allowing us to clearly distinguish the areas of interest
for the eye-tracking analysis. Appendix C and Appendix D show the instructions and
2See Appendix B for a complete list of all lottery pairs used in each phase of the experiment.
3No subject chose a strictly dominated lottery out of the pairs.
4For the sake of clarity, we refer to the six lotteries presented simultaneously in the Rank treatment as a
block also for the Price treatment, even though in the latter they were presented individually and sequentially.
5The preference reversal phenomenon occurs independently of whether the choice phase precedes or
follows the evaluation phase (e.g., Alós-Ferrer et al., 2016).
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screenshots of the experiment, respectively. The screen position (left or right) of lotteries
within pairs was also counterbalanced within subjects, with half of the pairs displaying the
$-bet on the right.
After the three phases described above, subjects were asked to complete a short question-
naire eliciting various demographics (gender, age, field of studies) and numerical literacy
(Lipkus et al., 2001). There was no feedback during the course of the experiment, that is,
subjects did not receive any information regarding their earnings until the very end of the
experiment. All decisions were made independently and at a subject’s individual pace.
After the questionnaire, for each subject, one randomly-chosen lottery from each phase
was selected, played, and paid. For the first and third phases, one of the lottery pairs in
the corresponding phase was randomly selected and the lottery chosen by the subject was
played out. The second phase used the (incentive-compatible) Ordinal Payment Method
(Goldstein & Einhorn, 1987; Tversky et al., 1990; Cubitt et al., 2004). Specifically, the
computer selected one block at random, and then randomly selected two of the six lotteries
in the block. The one that the subject had priced or ranked higher was then played out.
We opted for this incentive scheme instead of the Becker-DeGroot-Marschak procedure
because the latter is often found to be noisier (see, e.g., Alós-Ferrer et al., 2016). The
total payoff from the experiment was the sum of the amounts received in each phase, plus a
lab-mandated show-up fee.
2.2 Eye-tracking Setup
Visual fixations were measured using an SMI RED500 remote eye tracker. The subject’s
head was supported by a chin-rest minimizing random movement. Subjects were placed
55 cm in front of a 22” screen which showed the stimuli with a resolution of 1680 × 1050
pixels. The pupil was recorded at 250 Hz using iView X software, version 2.8.43. The
eye tracker was calibrated at the beginning of each part (after instructions) using a 5-point
calibration routine. Blinks were removed after data collection using the tools provided by
SMI. The raw data files were converted to fixations using the SMI IDF converter tool 3.0.16.
To identify fixations the SMI IDF converter tool uses a dispersion-based algorithm with
minimum fixation duration of 50 ms (Glöckner & Herbold, 2011; Glöckner et al., 2012)
and a maximum dispersion of 85 pixel (see Salvucci & Goldberg, 2000, for a comparison
of different methods). Pre-defined non-overlapping Areas of Interest (AOIs) were defined
around every piece of information (160 × 95 pixels per AOI).6 After collection of the data,
fixations were corrected using an algorithm similar to Vadillo et al. (2015), and the number
and duration of fixations were computed and recorded.
6Following the literature, repeated fixations within the same AOI were still counted as different fixations,
i.e. not merged into one fixation.
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3 Results: Attentional Shifts
We first present the purely-behavioral results to establish the presence of the preference
reversal phenomenon (in the Price treatment) or its opposite (in the Rank treatment) as
expected. Then we turn to our actual variables of interest, and examine attentional processes
through eye-tracking data in two different subsections. Our main result in this section
demonstrates an attentional shift toward outcomes (relative to probabilities) for monetary
evaluations (Price treatment), compared to rankings (Rank treatment). This is accompanied
by an attentional shift toward $-bets (relative to P-bets) for monetary evaluations, which is
natural as $-bets involve larger outcomes.
The analysis in this section is based on subject averages (e.g., average number of
fixations on the lotteries’ outcomes, computed at the subject level). All between-subject
comparisons (across treatments) are made with Mann-Whitney-Wilcoxon (MWW) tests.
All within-subject comparisons (differences between the choice and evaluation phases) are
made with Wilcoxon-Signed-Rank (WSR) tests.
3.1 Behavioral Results
Figure 1 illustrates the behavioral results. In the Price treatment, the $-bet was evaluated
higher than the P-bet in 68.78% of cases, but it was only chosen 29.17% of the time (WSR
test, 𝑁 = 30, 𝑧 = 4.711, 𝑝 < 0.0001; Figure 1, left panel, left).7 This is a first reflection
of the preference reversal phenomenon. In contrast, but as expected, in the Rank treatment
the $-bet was ranked better than the paired P-bet in 24.89% of cases, but was chosen over
the P-bet in 33.22% of cases. This difference is highly significant (WSR test, 𝑁 = 29,
𝑧 = −3.691, 𝑝 = .0002; Figure 1, left panel, right) and goes in the opposite direction of the
Price treatment, reflecting the “reversal of the preference reversal phenomenon” which is
characteristic of ordinal treatments (Bateman et al., 2007; Alós-Ferrer et al., 2016, 2020).
7In the Price treatment, in 129 out of 1, 800 cases subjects gave both lotteries the same WTA, indicating
indifference. Excluding these observations does not change the result quantitatively.
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Figure 1: Left: Proportion of $-Bets preferred over the paired P-bets for both treatments and
both phases. Right: Proportion of predicted and unpredicted reversals for both treatments.
Overall, we found 36.00% of reversals (of both types) in the Price treatment, and 18.45%
in the Rank treatment. That is, ranking evaluations reduced the overall amount of preference
reversals (MWW test, 𝑁 = 59, 𝑧 = 3.689, 𝑝 = .0002). Crucially, and also as expected, it
changed the dominant type of reversals. This is illustrated in the right–hand panel of Figure
1, which displays the reversal rates classified as predicted or unpredicted reversals.8 In the
Price treatment, predicted reversals (46.80%) were far more frequent than unpredicted ones
(5.00%; WSR test, 𝑁 = 27, 𝑧 = 4.324, 𝑝 < .0001). The opposite pattern was observed in the
Rank treatment, where predicted reversals were far less frequent (8.61%) than unpredicted
ones (46.42%; WSR test, 𝑁 = 29, 𝑧 = −4.227, 𝑝 < .0001). The first observation reflects the
well-established preference reversal phenomenon, while the second reflects its reversal as in
Alós-Ferrer et al. (2016). Of course, we also observe more predicted reversals in the Price
than the Rank treatment (MWW, 𝑁 = 59, 𝑧 = 5.573, 𝑝 < .0001), and fewer unpredicted
ones (MWW, 𝑁 = 56, 𝑧 = −5.652, 𝑝 < .0001).
In summary, our behavioral data reflect the well-established preference reversal phe-
nomenon and the previously-observed fact that this phenomenon is reversed if evaluations
involve rankings instead of pricing. We now turn to eye-tracking data to study the attentional
processes underlying preference reversals.
8The rate of predicted reversals is the proportion of pairs where the $-bet was evaluated higher than the
P-bet conditional on the P-bet being chosen. The rate of unpredicted reversals is the proportion of pairs where
the P-bet was evaluated higher than the $-bet, conditional on the $-bet being chosen. In the tests below, the
number of observations sometimes differs as reversal rates cannot be computed if a subject never chose the
corresponding type of lotteries.
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3.2 Attention Across Attributes
Figure 2: Average number of fixations on outcomes and probabilities in the choice and
evaluation phases, for the Price treatments (left-hand panel) and the Rank treatment (cen-
ter panel). The right-hand panel presents violin plots for the outcome/probability ratios for
the number of fixations in the evaluation phases of both treatments (one outlier outside the
picture).
Consider the Price treatment first. Figure 2 (left-hand panel) displays the individual-level
average number of fixations (across lotteries) per attribute (outcome and probability) in
each phase of this treatment.9 In the choice phase there were fewer fixations on outcomes
(average 6.18 fixations on outcomes per lottery) than on probabilities (7.28; WSR, 𝑁 = 30,
𝑧 = −2.643, 𝑝 = .0082). This suggests that the default level of attention is larger for
probabilities than for outcomes, which is compatible with the view that human beings
generally find the former less intuitive than the latter. This is also illustrated in the heatmap
in Figure 3. However, this difference disappears for the evaluation phase, where there
was no significant difference between the number of fixations on outcomes (15.12) and
probabilities (13.71; WSR, 𝑁 = 30, 𝑧 = 1.090, 𝑝 = .2756). To show that the difference
across phases is significant, we computed the individual-level difference in the average
number of fixations on outcomes and on probabilities. This difference was significantly
different across phases (WSR, 𝑁 = 30, 𝑧 = 2.705, 𝑝 = .0068). This is consistent with the
Compatibility Hypothesis, which suggests that the level of attention to outcomes should
increase for the (monetarily-framed) evaluation phase compared to the choice phase. It is
also aligned with the results of Kim et al. (2012), who however used a different experimental
implementation. Since choices and evaluations differ in fundamental ways, though, to test
the Compatibility Hypothesis we now compare the results to those of the Rank treatment,
where the monetary scale was absent during evaluation.
9An alternative measure of attention is the overall duration of fixations. Both fixations and overall duration
are often reported in eye-tracking studies and yield similar conclusions in our case.
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Figure 3: Heatmap for the choice phase (Treatment Price). Red spots represent the most
visually salient areas of the screen. The least salient areas (dark blue spots) were eliminated
from the heatmap for better visualization. The heatmap is deduced by convolving the fixa-
tions (of all individuals and lotteries) by an isotropic bidimensional Gaussian function. The
standard deviation of the Gaussian function was set according to Le Meur & Baccino (2013).
In the actual choice screen, the lotteries were further apart and not labeled, and both the left-
right position of lotteries and the top-bottom alignment of outcomes and probabilities were
counterbalanced. Actual screenshots are depicted in the Appendix. The figure illustrates
that, in general, more attention is devoted to probabilities than to outcomes. The analogous
picture for Treatment Ranking displays similar features for the choice phase.
In particular, the enhanced focus on outcomes should be absent in the Rank treatment.
This is indeed borne by the data (Figure 2, center panel). In this treatment, subjects
fixated more on probabilities than on outcomes both in the choice phase (outcomes, 6.56;
probabilities, 8.18; WSR, 𝑁 = 29, 𝑧 = −3.708, 𝑝 = .0002) and in the ranking phase
(outcomes, 16.24; probabilities, 22.30; WSR, 𝑁 = 29, 𝑧 = −4.444, 𝑝 < .0001). That is,
there is no attentional shift across phases in this treatment. Rather, probabilities are attended
more in both phases. The difference between the average number of fixations on outcomes
and on probabilities was different across phases (WSR, 𝑁 = 29, 𝑧 = −4.444, 𝑝 < .0001),
which is not surprising since there are many more fixations in the ranking phase, hence the
difference in fixations between probabilities and outcomes is even larger in the evaluation
phase.
Our main result in this section, though, concerns the comparison across treatments. The
very different setups of the evaluation phase of both treatments makes a direct comparison
of number of fixations difficult. We therefore consider the outcome/probability ratios for
the number of fixations in the evaluation phases of both treatments. The ratio indicates
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how visual attention in each evaluation phase was allocated to the two attributes, i.e.,
ratios above 1 mean a stronger focus on outcomes and ratios below 1 show a stronger
focus on probabilities. This approach allows a simple, intuitive comparison of attention
allocation across Price and Rank treatments. The ratios show a strong shift in attention
across treatments (Figure 2, right-hand panel). The outcome/probability ratio was 1.42 in
the Price treatment and only .73 in the Rank treatment. That is, there was a significant shift
in attention toward the outcome in the Price treatment (MWW test, 𝑁 = 59, 𝑧 = 5.003,
𝑝 < .0001) compared to the Rank treatment.10 These results confirm that pricing-based
evaluations induce a stronger attentional focus on monetary outcomes.
For our purposes, it was important that our Price treatment reproduced standard pref-
erence reversal experiments as carried out in the extensive literature on this phenomenon.
Unfortunately, this means that the visual layout in the evaluation phase of treatment Rank
must differ from the one in the other treatment simply because in the latter several lotteries
are presented at once. This criticism could also be leveled at the comparison between the
choice and the evaluation phase, and hence also to the analysis in Kim et al. (2012). To
ameliorate this difficulty, however, the presentation of each individual lottery was identical
across treatments, including stimuli size.11 Still, it could be argued that the differences
in layout beyond the individual lotteries might lead to potential confounds (Orquin &
Holmqvist, 2018). In particular, the presence of multiple lotteries might have increased
cognitive load and resulted in more dispersed attention. This would result in attention being
more uniformly distributed across the attributes. However, the opposite is true (see Figure
2), and thus we can rule out this alternative explanation. As reported above, in the Rank
treatment, there were significantly more fixations on probabilities than on outcomes (22.30
vs. 16.24), while the difference in the Price treatment (13.71 vs. 15.12) was not significant.
Some lotteries have single-digit outcomes only (mostly P-bets), which could possibly
be perceived through peripheral vision.12 As a robustness check, we reran the analysis
using only the $-bets. Since this still includes a few $-bets with single-digit outcomes
and excluded a few P-bets with two-digit outcomes, we also ran further robustness checks
excluding all single-digit outcome lotteries. All results remained qualitatively the same
and some were strengthened. Outcomes were now fixated significantly more often than
probabilities in the evaluation phase in the Price treatment. We also conducted a further
robustness analysis classifying fixations differently, namely counting consecutive fixations
in the same AOI as one. The results remained qualitatively unchanged.
Although the analysis above focuses on fixations, it has to be acknowledged that the
differences in layouts increase the number of transitions in the evaluation phase of the Rank
10Unsurprisingly, there are no significant differences between outcome/probability ratios in the choice
phases across treatments (Price treatment .85, Rank treatment .85; MWW test, 𝑁 = 59, 𝑧 = −0.227,
𝑝 = .8201).
11The size of the AOIs used in the analyses was also always identical for all phases and treatments. However,
the boxes around the actual numbers where slightly smaller in the Ranking phase. The distance between the
two AOIs within a lottery was always at least 65 pixels, large enough to prevent fixation misallocation.
12We thank an anonymous reviewer for this observation.
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treatment simply because there are more areas of interest (multiple lotteries), which then
also leads to an overall increase in fixations. Indeed, 37.94% of all transitions across AOIs
in this phase were across lotteries. This might raise the concern that fixations arising from
across-lottery comparisons might differ from other fixations and create a confound in our
results. A similar point affects the comparison of fixations between phases (choices vs.
evaluations), both in our treatments and in Kim et al. (2012). To address this concern, we
carried out a robustness analysis as follows. In the evaluation phase of the Rank treatment,
38.51% of all transitions start and end within the same AOI (either the outcome or the
probability of a lottery). In the evaluation phase of the Price treatment, the corresponding
number is 58.63%. Thus, we repeated the entire analysis using these AOI-internal transitions
instead of fixations. For this analysis, we also used AOI-internal transitions for the choice
phases. This dependent variable then ignores all transitions across lotteries and should
more closely reflect attention within a lottery, and relies only on transitions unaffected by
the different screen layouts across the treatments and across the phases within a treatment.
All tests reported above remained qualitatively unchanged with this new analysis, both
for the comparison of phases within the treatments and for the comparison of evaluations
across treatments. In the Price treatment, there were fewer internal transitions on outcomes
(average 1.28) than on probabilities (1.66; WSR, 𝑁 = 30, 𝑧 = −2.479, 𝑝 = .0132), but
there was no significant difference in the evaluation phase (4.93 vs. 4.26; WSR, 𝑁 = 30,
𝑧 = 0.956, 𝑝 = .3388). The individual-level difference in the average number of internal
transitions on outcomes and on probabilities was significantly different across phases (WSR,
𝑁 = 30, 𝑧 = 2.314, 𝑝 = .0207). In the Rank treatment, there were less internal transitions
on outcomes than on probabilities both in the choice phase (1.39 vs. 1.95; WSR, 𝑁 = 29,
𝑧 = −3.503, 𝑝 = .0005) and in the ranking phase (3.07 vs. 4.60; WSR, 𝑁 = 29, 𝑧 = −4.152,
𝑝 < .0001), but the difference between the average number of internal transitions on
outcomes and on probabilities was significantly different across phases (WSR, 𝑁 = 29,
𝑧 = −4.357, 𝑝 < .0001). For the treatment difference, we computed the outcome/probability
ratio for the number of internal transitions in the evaluation phases of both treatments, which
was 1.71 in the Price treatment and only .693 in the Rank treatment. That is, as in the
case of fixations, there was a significant shift in attention toward the outcome in the Price
treatment (MWW test, 𝑁 = 59, 𝑧 = 4.427, 𝑝 < .0001) compared to the Rank treatment.
We further investigated the effect of attribute values (actual outcomes and probabilities)
on attention by conducting random effects panel regressions with robust standard errors for
the (log-transformed) outcome/probability fixation ratios. Again, we interpret this variable
as the level of attention on outcomes compared to probabilities. The regressions use the
individual-level fixations for the evaluations of all lotteries during the evaluation phase for
both treatments. Table 1 displays the results. The Rank treatment dummy is negative and
highly significant in all three models, indicating an attentional shift toward probabilities
compared to outcomes in that treatment, in agreement with the results reported above.
The $-bet dummy is positive and highly significant, indicating a shift toward outcomes for
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$-bets compared to P-bets in the Price treatment (since the interaction term is included).
The effect is negative and significant in all three models for the Rank treatment (linear
combination test, 𝛽 = −0.1084, −0.1850, and −0.1246, respectively), indicating a shift
toward probabilities for $-bets in this treatment. In addition, we observe that the Outcome
coefficient (monetary amount of the non-zero outcome of the lottery) is positive and highly
significant in Models 2 and 3, demonstrating that a larger outcome results in a stronger
shift toward outcomes compared to probabilities. Analogously, the Probability coefficient
is positive, but misses significance at the 5% level (Model 3, 𝑝 = .0796).
Table 1: Random Effects Panel Regression of the (log-transformed) Outcome/Probability
Fixation Ratios.
ln(# Fix. Out/Prob) Model 1 Model 2 Model 3
Rank Treatment −0.2905∗∗∗ −0.2896∗∗∗ −0.2900∗∗∗
(0.0710) (0.0709) (0.0709)
$-bet 0.2082∗∗∗ 0.1311∗∗∗ 0.1914∗∗∗
(0.0342) (0.0328) (0.0510)






Constant −0.0307 −0.0785 −0.2134∗
(0.0534) (0.0583) (0.1015)
R2 0.1112 0.1139 0.1144
Wald Test 88.00∗∗∗ 98.66∗∗∗ 102.70∗∗∗
Observations 6768 6768 6768
Standard errors in parentheses, ∗ 𝑝 < 0.05, ∗∗ 𝑝 < 0.01, ∗∗∗ 𝑝 < 0.001
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3.3 Attention Across Lottery Types
Figure 4: Number of Fixations on the $-bet and 𝑃-bet in the choice and evaluation phase for
the Price treatment (left-hand panel) and the Rank treatment (center panel). The right-hand
panel presents violin plots for the $-bet/P-bet ratios of fixations in the evaluation phases of
both treatments.
Since $-bets involve larger outcomes than P-bets, an attentional shift across treatments
should also be reflected in attentional differences between lottery types. In this subsection,
we focus on this comparison. Figure 4 (left-hand panel) displays the individual-level average
number of fixations per lottery in the Price treatment, separately for the evaluation and choice
phases. For this treatment, when subjects were asked to generate a price (WTA) for a lottery,
they fixated $-bets more (16.38) than P-bets (12.44; WSR, 𝑁 = 30, 𝑧 = 4.094, 𝑝 < .0001).
This can also be seen in the heatmap in Figure 5. In contrast, there were no significant
differences in the number of fixations in the choice phase ($-bets, 6.82; P-bets, 6.64; WSR,
𝑁 = 30, 𝑧 = 0.391, 𝑝 = .6959). To show that the difference across phases is significant, we
computed the individual-level difference in the average number of fixations between $-bets
and P-bets, which was larger for the pricing phase than for the choice phase (WSR, 𝑁 = 30,
𝑧 = 4.001, 𝑝 < .0001). In summary, during the pricing phase subjects fixated more on
the $-bets than on the P-bets, while in the choice phase both lotteries were given similar
levels of attention. This is in agreement with Kim et al. (2012), who found more fixations
on $-bets than on P-bets in their bidding phase, and the opposite in their choice phase. It
would be tempting to interpret these results as evidence for the Compatibility Hypothesis.
This, however, would be unwarranted. The reason is that similar effects are obtained in the
Rank treatment, whose evaluation phase involved no monetary scale.
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Figure 5: Heatmap for the evaluation phase (Treatment Price). Red spots represent the
most visually salient areas of the screen. The least salient areas (dark blue spots) were
eliminated from the heatmap for better visualization. Lotteries were evaluated individually
and are presented here side-by-side for ease of comparison only. Below the lottery was the
input field for the monetary evaluation (not part of AOIs for the analysis). Actual screenshots
are depicted in the Appendix. The figure illustrates that, in this treatment, more attention was
devoted to $-bets than to P-bets during monetary evaluation.
Indeed, in the Rank treatment (Figure 4, center panel), there were also significant
differences in fixations between $-bets (20.79) and P-bets (17.74) in the ranking phase
(WSR, 𝑁 = 29, 𝑧 = 4.508, 𝑝 < .0001). Subjects fixated slightly more on $-bets (7.57)
than P-bets in the choice phase (7.17), but, as in the Price treatment, the comparison was
not significant (WSR, 𝑁 = 29, 𝑧 = 1.838, 𝑝 = .0661). The individual-level difference
in the average number of fixations between $-bets and P-bets was significantly different
across phases (WSR, 𝑁 = 29, 𝑧 = 4.098, 𝑝 < .0001). That is, there are also significant
differences in attention across lottery types in the ranking treatment, in spite of the absence
of a monetary scale as required by the Compatibility Hypothesis. To test the latter, we need
to focus on the comparison across treatments.
Therefore, we consider the $-bet/P-bet ratios of fixations in the evaluation phases of
both treatments. The ratio indicates how visual attention in each evaluation phase was
allocated, i.e., ratios above 1 mean a stronger focus on $-bets and ratios below 1 a stronger
focus on the P-bets. There was indeed a significant shift in attention toward the $-bet in
the Price treatment (Figure 4, right-hand panel): the average $-bet/P-bet ratio was 1.30 in
the Price treatment, and only 1.17 in the Rank treatment (MWW test, 𝑁 = 59, 𝑧 = 2.108,
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𝑝 = .0351).13 These results confirm that monetary valuations (WTA) lead to a stronger
attentional focus on the $-bets, the lotteries whose predominant feature is the large monetary
outcome.
4 Results: Attention and Overpricing
In the previous section, we have relied on comparisons across treatments to demonstrate
the existence of an attentional shift toward outcomes brought forward by a monetary focus
during certain evaluation tasks. In this section, we report a complementary analysis by
examining the relation between overpricing of lotteries and gaze data as measured by
fixations. The argument is that, by focusing attention on higher outcomes during monetary
evaluations, lotteries with particularly large outcomes ($-bets) will become overpriced,
resulting in a larger number of instances where the $-bet is valued above the P-bet but the
latter is chosen. Thus, the objective here is to link overpricing in the Pricing treatment at
the lottery level with attention as revealed by fixation data. However, we view this analysis
as a proof of concept, since it is unlikely that the effects of attention on the exact, monetary
overpricing of lotteries can be reduced merely to the number of fixations.14
To accomplish this, a measure of overpricing is needed. For this reason, our design
included an initial phase with 32 lottery pairs, independent of the preference reversal
design, which served the purpose of providing an out-of-sample estimation of the subjects’
individual preferences (following Alós-Ferrer et al., 2020). The main goal of this estimation
was to obtain individual utility functions and certainty equivalents which can be used to
quantify the overpricing of lotteries in the evaluation phase of the Price treatment, and relate
it to attention as measured by fixation data. In our opinion, the natural choice is to conduct
this estimation out-of-sample, using (unrelated) binary choices. This is precisely what
we chose to do, using an independent set of lotteries that covers the entire range relevant
for the preference reversal experiment. In the first subsection below, we briefly describe
the estimation. We then turned to a regression analysis using the so-obtained certainty
equivalents as dependent variables and fixation data as a regressor.
4.1 Utility Estimation
The choices in the first part of the experiment were used for the estimation of individual
preferences out of sample, in the sense that the estimation relied exclusively on the choices
in this first part, but was used as an external measure to analyze the data in the following
two parts. The set of lotteries used in the first phase (see Appendix B) was constructed
to maximize the precision of the estimated risk attitudes, relying on optimal design theory
13Of course, there are no significant differences between $-bet/P-bet ratios in the choice phases across
treatments (Price treatment 1.00, Rank treatment 1.04; MWW test, 𝑁 = 59, 𝑧 = −1.228, 𝑝 = .2194).
14Random effects panel probit regressions on the likelihood of (predicted) reversals revealed no measurable
significant effects of outcome/probability or $-bet/P-bet fixation ratios.
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(Silvey, 1980) in the context of non linear (binary) models (Ford et al., 1992; Atkinson,
1996), and following Moffatt (2015).15 We assume that the structure of errors follows an
additive random utility model (e.g., Thurstone, 1927; Luce, 1959; McFadden, 2001) with
normally-distributed noise. The estimation procedure employs well-established techniques
as used in many recent contributions (Von Gaudecker et al., 2011; Conte et al., 2011; Moffatt,
2015). We refer the interested reader to Appendix A for a more detailed description of the
estimation procedure.
For the functional form of the utilities, we assumed a constant relative risk aversion
(CRRA) power utility function given by
𝑢(𝑥) = 𝑥𝑟
with 𝑟 > 0. The average of the estimated individual risk propensities in our data set is
𝑟 = 0.508 (median 0.440, SD 0.290).16
4.2 Overpricing
For each of the 30 subjects that participated in the Price treatment, we collected pricing
decisions for 120 lotteries in the evaluation phase. We now use the individual preferences
estimated from the first part of the experiment to calculate for each individual the certainty
equivalent (CE) for each lottery. For a lottery 𝐴 and subject 𝑖, let 𝐸𝑈𝑖 (𝐴) be the correspond-
ing expected utility of 𝐴 for 𝑖. The certainty equivalent is defined as𝐶𝐸𝑖 (𝐴) = 𝑢
−1
𝑖 (𝐸𝑈𝑖 (𝐴))
and derived from subject 𝑖’s utility function 𝑢𝑖 estimated in the first part of the experiment.
The certainty equivalent is the formal translation of monetary evaluation questions, namely
the amount of money for sure that leaves the decision maker indifferent between accepting
it and playing out the lottery.
For each lottery 𝐴 and each subject 𝑖, define overpricing by
𝑂𝑖 (𝐴) = 𝑊𝑇𝐴𝑖 (𝐴) − 𝐶𝐸𝑖 (𝐴).
That is, 𝑂𝑖 (𝐴) is the difference between the stated price and the certainty equivalent for that
lottery, and is hence measured in monetary units (Euros) and thus fully comparable across
lotteries and subjects. To examine overpricing differences in a straightforward way at the
population level, consider the average overpricing for each lottery across all subjects in the
Price treatment. Average overpricing for $-bets was € 4.414, compared to only € 1.181 for
P-bets (MWW test, 𝑁 = 120, 𝑧 = 9.127, 𝑝 < .0001). This result documents a systematic
overpricing of $-bets, in line with the predictions of Tversky et al. (1990).
15We chose to estimate subjects’ risk attitudes from a sequence of lottery choices instead of relying on
alternatives such as the multiple price list (MPL) method (Holt & Laury, 2002) because the literature has
pointed out a number of difficulties with the latter, e.g., imposing a correlation structure on the choice sequence
(see, e.g., Andersen et al., 2006), or the compromise effect (Beauchamp et al., 2019).
16An agent with a risk propensity equal to the average in our sample would have a certainty equivalent of
about $2.56 when facing a lottery paying $10 with 50% probability and zero otherwise.
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Table 2: Random Effects Panel Regression of Fixations on Overpricing.
$-Bets P-Bets
Overpricing Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
# Fix. Outcome 0.0342∗∗ 0.0258∗ 0.0259∗ 0.0092 0.0097 0.0096
(0.0121) (0.0105) (0.0105) (0.0065) (0.0062) (0.0063)
# Fix. Probability 0.0233∗∗ 0.0229∗∗ −0.0009 −0.0010
(0.0088) (0.0087) (0.0043) (0.0043)
Constant 4.1080∗∗∗ 4.0101∗∗∗ 7.6711∗ 1.1242∗∗∗ 1.1272∗∗∗ 1.3342
(0.4936) (0.4959) (3.7169) (0.1640) (0.1693) (1.3004)
Controls No No Yes No No Yes
R2 0.0000 0.0013 0.0429 0.0010 0.0006 0.0488
Wald Test 7.93∗∗∗ 14.95∗∗∗ 23.58∗∗∗ 1.99 2.43 5.08
Observations 1800 1800 1800 1800 1800 1800
Standard errors in parentheses, ∗ 𝑝 < 0.05, ∗∗ 𝑝 < 0.01, ∗∗∗ 𝑝 < 0.001.
Our design also allowed us to relate overpricing to visual attention by comparing the
quantities𝑂𝑖 (𝐴) to visual fixations in panel regressions. Of course, this paints an incomplete
picture, since the effects of attention on elicited prices are likely to be more subtle than a
direct, linear relation between number of fixations on a lottery and reported price for that
lottery. However, a significant effect would serve as a further direct demonstration of the
link between visual attention and overpricing.
Table 2 reports random effects panel regressions for overpricing, using the number of
visual fixations on outcomes and probabilities of the corresponding lottery as regressors.
The regression makes use of the individual, trial-level data for all subjects in the Price
treatment, i.e., 60 different lotteries of each type ($-bets and P-bets) × 30 subjects. For
simplicity, we analyzed the two types of lotteries separately, with Models 1–3 focusing on
$-bets and Models 4–6 focusing on P-bets.
Model 1 regresses the number of fixations on outcomes on normalized overpricing for $-
bets. The coefficient is positive and highly significant (𝑝 = .0049) confirming the attentional
effect, that is, increased attention on the high outcomes of $-bets is associated with larger
overpricing. The model suggests that each fixation is directly responsible for an increase
of 3.4 Eurocents in the evaluation of $-bets, relative to the true certainty equivalent. The
average number of fixations on the outcomes of $-bets for the price treatment was 8.96, thus
the results suggest that, roughly speaking, the direct effect of fixations on $-bets accounts for
around 8.96 × 3.4 = 30.46 Eurocents per lottery. This is a very modest effect compared to
the actual magnitude of overpricing for $-bets, suggesting that (unsurprisingly) overpricing
cannot be mechanically reduced to an additive effect on the price each time that the lottery
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is attended to. However, the very existence of the effect serves as an additional, basic proof
of concept substantiating the link between visual attention and overpricing.
Model 2 adds the number of fixations on probabilities, which is also significant. Impor-
tantly, visual attention on outcomes remains positive and significant (𝑝 = .0136). That is,
any kind of visual attention on $-bets is related to overpricing. Note that recent cognitive
models as the attentional drift-diffusion model mentioned in the introduction (Krajbich
et al., 2010) essentially postulate that increased attention boosts valuations, which would
naturally provide a link between increased attention on (any attribute of) $-bets and their
overpricing.
Model 3 shows that the effects remain positive and significant when adding controls
such as age, gender, and the numerical literacy test score. Taken together, Models 1–3
demonstrate the link between visual attention and overpricing for $-bets. Models 4–6
reproduce the same analysis for P-bets. In contrast to $-bets, fixations on outcomes or
probabilities have no significant effect on overpricing, independently of the addition of
further controls.
In summary, our design allowed us to estimate individual certainty equivalents with an
out-of-sample estimation procedure and directly show that $-bets are more overpriced than
P-bets. This also enables us to confirm the link between visual attention and overpricing,
and reveals that increased attention (more fixations) on $-bets leads to higher overpricing
for those lotteries.
5 Conclusion
The classic preference reversal phenomenon is historically one of the most important behav-
ioral anomalies in the study of decision making under risk. It casts doubt on fundamental
assumptions that underlie the analysis of human decisions. It has accordingly received
considerable attention across the disciplines. One of the most important components of
explanations of the phenomenon is that, if a monetary evaluation is asked for, the focus on a
monetary scale produces an overpricing when the lottery involves a large monetary amount,
resulting in an incorrect evaluation of long-shot options compared to moderate ones.
This argument entails an attentional component which can now be tested directly by
means of visual attention data. We conducted an experiment with two treatments, one
containing a standard “pricing” evaluation which should shift attention toward outcomes,
and another relying on an ordinal “ranking” evaluation which should not have such an
attentional effect. The treatments correspond to standard experiments in the literature
on the preference reversal phenomenon and have been shown to elicit this phenomenon
and its reversal, respectively. By testing across treatments, we confirm that the monetary
evaluation results in an attentional shift toward outcomes compared to probabilities, and
toward long-shots compared to moderate lotteries. This provides direct evidence on the
attentional foundations of preference reversals.
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Although we kept the stimuli as comparable as possible, it should be remarked that
implementing the standard experiments from the literature results in a layout difference
(number of evaluated lotteries) across the treatments. Potentially, this could lead to con-
founds for the comparison of fixations across evaluation phases, and our results for this
comparison should be interpreted carefully. However, we found the same effects when
analyzing transitions (saccades) which start and finish on the same area of interest (out-
come or probability). This alternative analysis naturally excludes additional transitions
across lotteries in the Rank treatment. Overall, our results comparing treatments concur
with the within-treatment analysis showing increased attention on outcomes compared to
probabilities for the pricing treatment (which confirm previous results of Kim et al., 2012),
and showing greater attention placed on probabilities than on outcomes for both phases of
the Rank treatment. When restricted to differences in evaluations, our results are also in
alignment with those of Rubaltelli et al. (2012), who showed that subjects fixated more on
outcomes than on probabilities in a pricing task, but the difference vanished for an abstract
attractiveness rating.
Additionally, by enriching the experiment with an independent block of lottery choices,
we are able to estimate utilities and certainty equivalents out of sample, and hence quantify
overpricing for each lottery and each subject in the treatment using pricing evaluations.
This enables a panel-regression analysis confirming that increased visual fixations on the
long-shot lotteries results in increased overpricing of those, while such an effect is absent
for the valuations of moderate lotteries.
Together with previous contributions as Kim et al. (2012) and Rubaltelli et al. (2012),
our evidence suggests that attentional shifts due to evaluations employing a monetary scale
(pricing) are at the root of the classic preference reversal phenomenon. More generally,
our results demonstrate that the analysis of behavioral anomalies in decisions under risk
can greatly benefit from explicitly taking the role of attention into account. We suggest
that future research in decision making should consider the attentional aspects (as well as
possible bottom-up visual factors) even when relying on well-established behavioral tasks.
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Appendix A: Description of RUM Estimation
We now describe the details of the estimation procedure used in the main text, which follows
the approach described in Moffatt (2015, Chapter 13). We index the 𝑁 = 59 subjects by
𝑖 = 1, ..., 𝑁 , and the 𝑇 = 32 trials used for utility estimation by 𝑡 = 1, ..., 𝑇 . In trial 𝑡,
subjects faced the binary choice between 𝐴𝑡 = (𝑝𝑡 , 𝑥𝑡), which pays 𝑥𝑡 with probability 𝑝𝑡
and zero otherwise, and 𝐵𝑡 = (𝑞𝑡 , 𝑦𝑡), which pays 𝑦𝑡 with probability 𝑞𝑡 and zero otherwise.
We assume the following constant relative risk aversion (CRRA) utility function
𝑢(𝑥 |𝑟) = 𝑥𝑟 (1)
with 𝑟 > 0. Under the assumption of Expected Utility maximization, subject 𝑖 with utility
function 𝑢(𝑥 |𝑟𝑖) chooses 𝐴𝑡 over 𝐵𝑡 if the difference in expected utilities is positive, that is,
∇𝑡 (𝑟𝑖) := 𝑝𝑡𝑢(𝑥𝑡 |𝑟𝑖) − 𝑞𝑡𝑢(𝑦𝑡 |𝑟𝑖) = 𝑝𝑡 (𝑥
𝑟𝑖
𝑡 ) − 𝑞𝑡 (𝑦
𝑟𝑖
𝑡 ) > 0. (2)
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Following a standard Random Utility Model (RUM), we postulate normally-distributed
noise. That is, each subject is characterized by a fixed risk parameter 𝑟𝑖, but utility is
perturbed by an error term 𝜀𝑖𝑡 ∼ 𝑁 (0, 𝜎
2) with 𝜎2 > 0. Thus, 𝐴𝑡 is chosen if
∇𝑡 (𝑟𝑖) + 𝜀𝑖𝑡 > 0 (3)
Define the binary choice indicator for trial 𝑡
𝛾𝑖𝑡 =
{
1 if 𝐴𝑡 chosen by subject 𝑖
−1 if 𝐵𝑡 chosen by subject 𝑖.
Then the probability of a choice conditional on the risk-parameter 𝑟𝑖 is given by







where Φ is the standard normal cumulative distribution function.
To account for individual heterogeneity, we assume that the risk parameter is distributed
over the population and we estimate the parameters of this distribution (e.g., Harless &
Camerer, 1994; Moffatt, 2005, 2015; Harrison & Rutström, 2008; Bellemare et al., 2008;
Von Gaudecker et al., 2011; Conte et al., 2011). This approach greatly reduces the degrees
of freedom compared to individual-level estimates, avoiding possible overfitting problems
(see Conte et al., 2011, for a more detailed discussion). In particular, we assume that the
individual risk attitudes in the population are distributed log-normally in our subject pool
according to
log 𝑟 ∼ 𝑁 (𝜇, 𝜂2).
Hence, the log-likelihood of a sample given by the matrix Γ = (𝛾𝑖𝑡) consisting of 𝑇 trials

















𝑓 (𝑟 |𝜇, 𝜂)𝑑𝑟 (5)
where 𝑓 (𝑟 |𝜇, 𝜂) is the density function of the risk parameter 𝑟.
In order to evaluate the integral in (5) we use the method of maximum simulated
likelihood (MSL) (see Train, 2003, for details), which approximates the integral above by
an average using Halton draws (Halton, 1960; Moffatt, 2015).
Applying maximum likelihood to the resulting approximation yields the estimates
( ?̂?, 𝜂, ?̂?). Given those estimates, we compute the posterior expectation of each subject’s
risk attitude 𝑟𝑖 conditional on their 𝑇 choices, and obtain
?̂?𝑖 (𝑥) = 𝑥
𝑟𝑖
(with 𝑟𝑖 > 0) as the estimated utility function of subject 𝑖.
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Appendix B: List of Lotteries
Table B1 contains the 32 lottery pairs used for the utility estimation in the first part. Table
B2 contains the 4 lottery pairs involving a dominated lottery which was used to check for
violations of dominance in the first part. Table B3 contains all 60 lottery pairs ($-bets and
P-bets) used for the preference reversal experiment in the second and third parts.
Table B1. Lottery pairs used for the utility estimation, first part.
Lottery Lottery 1 Lottery 2 Lottery 1 Lottery 2
Pair Prob Outc EV Prob Outc EV Pair Prob Outc EV Prob Outc EV
1 .05 12 0.6 .8 3 2.4 17 .6 5 3 .3 22 6.6
2 .2 22 4.4 .8 5 4 18 .6 8 4.8 .5 13 6.5
3 .25 17 4.25 .75 6 4.5 19 .6 14 8.4 .7 4 2.8
4 .35 20 7 .6 8 4.8 20 .6 4 2.4 .55 6 3.3
5 .35 17 5.95 .7 4 2.8 21 .6 3 1.8 .5 13 6.5
6 .4 12 4.8 .7 6 4.2 22 .65 3 1.95 .15 18 2.7
7 .4 14 5.6 .65 6 3.9 23 .65 17 11.05 .75 7 5.25
8 .4 14 5.6 .8 3 2.4 24 .7 4 2.8 .1 16 1.6
9 .5 11 5.5 .7 7 4.9 25 .7 7 4.9 .6 20 12
10 .5 15 7.5 .65 7 4.55 26 .7 11 7.7 .8 6 4.8
11 .5 20 10 .7 5 3.5 27 .7 18 12.6 .85 5 4.25
12 .55 5 2.75 .35 18 6.3 28 .75 6 4.5 .3 15 4.5
13 .55 4 2.2 .2 15 3 29 .75 6 4.5 .4 15 6
14 .55 4 2.2 .4 15 6 30 .75 4 3 .35 12 4.2
15 .55 4 2.2 .45 21 9.45 31 .75 15 11.25 .8 5 4
16 .6 6 3.6 .35 11 3.85 32 .8 3 2.4 .4 17 6.8
Prob = Probability, Outc = Outcome, EV = Expected Value.
Table B2. Lottery pairs with a dominated lottery, first part.
Lottery Dominated Dominating Dominated Dominating
Pair Prob Outc EV Prob Outc EV Pair Prob Outc EV Prob Outc EV
1 .4 9 3.6 .4 11 4.4 3 .65 2 1.3 .7 7 4.9
2 .36 13 4.68 .42 13 5.46 4 .52 8 4.16 .58 10 5.8
Prob = Probability, Outc = Outcome, EV = Expected Value.
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Table B3. (P, $) lottery pairs used in the evaluation (second part) and choice (third part)
phases.
Lottery P-Bet D-Bet P-Bet D-Bet
Pair Prob Outc EV Prob Outc EV Pair Prob Outc EV Prob Outc EV
1 .95 3 2.85 .37 10 3.7 31 .83 6 4.98 .31 18 5.58
2 .57 5 2.85 .46 10 4.6 32 .95 5 4.75 .22 18 3.96
3 .9 6 5.4 .3 11 3.3 33 .86 5 4.3 .33 18 5.94
4 .8 6 4.8 .3 11 3.3 34 .79 4 3.16 .33 18 5.94
5 .72 7 5.04 .23 11 2.53 35 .6 11 6.6 .22 19 4.18
6 .79 2 1.58 .21 11 2.31 36 .56 10 5.6 .43 19 8.17
7 .8 2 1.6 .4 11 4.4 37 .79 7 5.53 .2 20 4
8 .64 8 5.12 .24 12 2.88 38 .7 5 3.5 .17 20 3.4
9 .84 6 5.04 .48 12 5.76 39 .85 10 8.5 .3 20 6
10 .75 3 2.25 .17 12 2.04 40 .65 4 2.6 .25 20 5
11 .94 3 2.82 .49 12 5.88 41 .92 8 7.36 .23 21 4.83
12 .92 4 3.68 .53 12 6.36 42 .88 11 9.68 .35 21 7.35
13 .82 3 2.46 .34 12 4.08 43 .72 6 4.32 .29 21 6.09
14 .74 6 4.44 .15 13 1.95 44 .68 3 2.04 .23 21 4.83
15 .89 5 4.45 .39 13 5.07 45 .73 9 6.57 .21 22 4.62
16 .87 6 5.22 .36 13 4.68 46 .6 7 4.2 .3 22 6.6
17 .9 2 1.8 .35 13 4.55 47 .68 11 7.48 .23 23 5.29
18 .66 2 1.32 .24 13 3.12 48 .88 8 7.04 .4 24 9.6
19 .6 5 3 .45 13 5.85 49 .84 7 5.88 .35 25 8.75
20 .9 7 6.3 .51 14 7.14 50 .95 8 7.6 .31 27 8.37
21 .86 5 4.3 .16 15 2.4 51 .82 11 9.02 .24 31 7.44
22 .7 10 7 .31 15 4.65 52 .87 5 4.35 .13 32 4.16
23 .85 5 4.25 .41 15 6.15 53 .86 4 3.44 .55 6 3.3
24 .63 7 4.41 .41 15 6.15 54 .8 4 3.2 .45 6 2.7
25 .75 6 4.5 .15 15 2.25 55 .87 3 2.61 .5 7 3.5
26 .76 11 8.36 .37 16 5.92 56 .75 5 3.75 .55 7 3.85
27 .63 4 2.52 .33 16 5.28 57 .82 5 4.1 .47 8 3.76
28 .96 5 4.8 .19 17 3.23 58 .71 5 3.55 .22 9 1.98
29 .96 8 7.68 .43 17 7.31 59 .89 5 4.45 .55 9 4.95
30 .84 9 7.56 .25 18 4.5 60 .82 4 3.28 .36 9 3.24
Prob = Probability, Outc = Outcome, EV = Expected Value.
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Appendix C: Translated Instructions
[These are the written instructions given to subjects before the experiment. The original
instructions were in German. Text in brackets [. . . ] was not displayed to subjects.]
General Instructions
Welcome! In this experiment you will be asked to make a series of decisions that will
determine your earnings at the end of the experiment. The total duration of the experiment
is about 1 hour. If you have a question, please let us know and we will answer your question.
It is important that you read the instructions carefully before you make your decisions.
We now explain the general course of the experiment. The experiment consists of three
parts. In each part you have to make multiple decisions. At the end of the experiment you
will be asked to answer a questionnaire.
In each part, you can earn money. How much money you earn will depend on your
decisions in that part and chance. Your earnings in one part of the experiment are inde-
pendent of your earnings and decisions in the other parts. Your earnings in each part will
be added up and you will be paid the total amount anonymously and in cash at the end of
the experiment. In addition to this amount you will receive 4 for your participation in the
experiment.
Below you will find further general information for the experiment. The specific
instructions for each part will be shown on screen directly before the beginning of that part.
Instructions: Lotteries
In the three parts of the experiment you will be asked to make decisions about lotteries.
Hence, we will now explain in detail what a lottery is.
A lottery consists of two potential outcomes, each of which will occur with a given
probability. One of the two outcomes is always € 0 (zero). The other outcome will differ
from lottery to lottery. If a lottery is played out, this means that you will receive exactly
one of the two possible outcomes (in Euro).
In the experiment lotteries will be represented by tables as in the example below. The
bottom cell illustrates the probability for the corresponding outcome in the top cell. The
remaining probability with the outcome of € 0 will not be displayed.
10 €
75 %
Example: The table depicted above is an example of how we present a lottery. In this
example, the lottery pays € 10 with a probability of 75%. Accordingly, the lottery pays € 0
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with a probability of 25%. The second outcome is always € 0 and occurs with the remaining
probability. Please note that this information is not repeated numerically on screen.
If a lottery is played out, this means that it will pay exactly one of the two outcomes.
In the example above, the lottery pays € 10 with a probability of 75% and € 0 with the
remaining probability of 25%. Please note that the lottery shown above is only an example.
The lotteries in the experiment will have different outcomes and probabilities. If you have
a question, please raise your hand. If you have no further questions, you may proceed to
the comprehension questions on the next page.
Comprehension questions: Lotteries
Below you see examples of two lotteries, similar to the ones you will face later on in the







Please answer the following comprehension questions:
1. What is the probability that Lottery A pays € 10?
2. What is the probability that Lottery B pays € 0?
3. Which amount does Lottery A pay with a probability of 25%?
4. Which amount does Lottery B pay with a probability of 55%?
Once you have answered all comprehension questions, please raise your hand. An
experimenter will then check your answers.
Translated onscreen instructions
[These are the instructions for each part, which were presented separately on screen, at the
beginning of each part. The original instructions were in German. Text in brackets [. . . ]
was not displayed to subjects.]
Welcome to this economic experiment. Thank you for supporting our research. Please
note the following rules:
1. If you have questions, please raise your hand.
2. Please refrain from using any features of the computer that are not part of the experi-
ment.
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Instructions for part 1
Your decisions: In this part of the experiment you will be presented with a series of lottery
pairs. Your task is to choose one of the two lotteries from each pair.
On the screen you will see a lottery pair (consisting of two lotteries) represented by
two tables. One of the lotteries will be shown on the left and the other will be shown on
the right. You choose one of the lotteries by pressing the left or right arrow key on your
keyboard. These keys are marked with a yellow sticker. To choose the lottery on the left,
press the left arrow key “←.” To choose the lottery on the right, press the right arrow key
“→.” Please note that your decisions will affect your earnings at the end of the experiment
(a detailed description of how your earnings are determined will follow below).
There are no wrong or correct decisions. When you choose one of the lotteries, this
simply shows that you prefer to play this lottery over the other lottery.
After you have made your decision, you will see the next lottery pair. In part 1 you will
be presented with a total of 36 lottery pairs. After you have made a decision for each of the
pairs, this part ends and we will start with the next part of the experiment.
Your earnings for part 1
After you have made a decision for each of the lottery pairs, the computer will randomly
select one of the 36 lottery pairs. The computer then checks which of the two lotteries you
have chosen for this randomly selected pair. The lottery you have chosen will be played out.
The outcome of the lottery determines your earnings for part 1 of the experiment.
The lottery will be played out at the end of the experiment, that is, after you have
completed all three parts of the experiment. Please note that, although your earnings for
this part will be determined at the end of the experiment, they will only depend on your
decisions in this part of the experiment and chance.
If you have any further questions, please let us know.
Instructions for part 2 [Price treatment]
Your decisions: In this part of the experiment you will be presented with a series of
lotteries. When a lottery is presented to you on screen, you may simply assume that you
own that lottery and are asked to sell it.
Your task is to state the lowest price at which you are still willing to sell the presented
lottery instead of keeping the lottery and playing it out.
There is no wrong or correct answer when stating the lowest price at which you are still
willing to sell the lottery. When you enter your selling price for the lottery, simply ask
yourself “Is this really the lowest price at which I am still willing to sell the lottery instead
of playing the lottery?”. Please note that your decisions will affect your earnings at the end
of the experiment (a detailed description of how your earnings are determined will follow
below).
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Please enter the lowest price at which you are still willing to sell the lottery in the form
“EURO.CENTS.” Please note that you cannot enter a selling price that is larger than the
highest outcome of the lottery.
After you have entered your selling price, the next lottery will be presented. In this part
of the experiment you will see a total of 120 lotteries, presented in 20 rounds of 6 lotteries
each. All rounds are independent. Once you have entered a selling price for each lottery in
a round, the next round will start. Once you are done with all 20 rounds, you can continue
with the next part of the experiment.
Your earnings for part 2 [Price treatment]
After you have entered your lowest selling price for each of the lotteries, the computer will
randomly draw one of the 20 rounds. From this round, the computer will then randomly
select two of the six lotteries. The computer then checks for which of the two lotteries you
have entered the higher selling price (in case both prices are the same, the computer will
randomly select one of the two lotteries with equal probability). This lottery will be played
out and the outcome of that lottery determines your earnings for part 2 of the experiment.
The lottery will be played out at the end of the experiment, that is, after you have
completed all three parts of the experiment. Please note that, although your earnings for
this part will be determined at the end of the experiment, they will only depend on your
decisions in this part of the experiment and chance.
If you have any further questions, please raise your hand and remain seated.
Instructions for part 2 [Rank treatment]
Your decisions: In this part of the experiment you will be presented with a series of
lotteries. When a lottery is presented to you on screen, you may simply assume, that you
own that lottery and may play that lottery.
Your task is to order different lotteries according to your preference, that is, according
to how much you would like to play them. In each round you will see six different lotteries
on screen. Please order the lotteries as follows:
• First, choose your first-ranked lottery, that is, the one of the six lotteries that you
would like to play out the most.
• Second, choose your second-ranked lottery, that is the second one that you would like
to play out the most.
• Third, choose your third-ranked lottery, that is the third one that you would like to
play out the most.
• Fourth, choose your fourth-ranked lottery, that is the fourth one that you would like
to play out the most.
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• Fifth, choose your fifth-ranked lottery, that is the fifth one that you would like to play
out the most.
• Sixth, choose your sixth-ranked lottery, that is the one that you would like to play out
the least.
To select a lottery simply click on the button below the lottery that you want to select.
As soon as you assign a rank to a lottery, the corresponding rank (from 1 to 6) will be shown
below that lottery.
In case you want to change the rank of the lotteries, please press the “Reset” button.
This resets the ranking. After you have ranked the lotteries from rank 1 to rank 6, please
press the “Continue” button to confirm your ranking and proceed to the next round.
Please note that there is no wrong or correct ranking. When ranking the lotteries, simply
ask yourself which lottery you would like to play out the most, which one you would like
the second, and so on. Please note that your decisions will affect your earnings at the end
of the experiment (a detailed description of how your earnings are determined will follow
below).
In this part of the experiment you will see a total of 120 lotteries, presented in 20 rounds
of 6 lotteries each. All rounds are independent, that is, you will have to submit 20 rankings
of 6 lotteries by assigning ranks from 1 to 6. Once you are done with all 20 rounds, you can
continue with the next part of the experiment.
Your earnings for part 2 [Rank treatment]
After you have ranked all lotteries, the computer will randomly draw one of the 20 rounds.
From this round, the computer will then randomly select two of the six lotteries. The
computer then will check which of the two lotteries you have ranked higher (that is, which
one you want to play out more). This lottery will be played out and the outcome of that
lottery determines your earnings for part 2 of the experiment.
The lottery will be played out at the end of the experiment, that is, after you have
completed all three parts of the experiment. Please note that, although your earnings for
this part will be determined at the end of the experiment, they will only depend on your
decisions in this part of the experiment and chance.
If you have any further questions, please raise your hand and remain seated.
Instructions for part 3
Your decisions: In this part of the experiment you will be presented with a series of lottery
pairs. Similarly to part 1, your task is to choose one of the two lotteries from each pair.
Please note that the lottery pairs are different from part 1.
On the screen you will see a lottery pair (consisting of two lotteries) represented by
two tables. One of the lotteries will be shown on the left and the other will be shown on
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the right. You can choose one of the lotteries pressing the left or right arrow key on your
keyboard. These keys are marked with a yellow sticker. To choose the lottery on the left,
press the left arrow key “←.” To choose the lottery on the right, press the right arrow key
“→.” Please note that your decisions will affect your earnings at the end of the experiment
(a detailed description of how your earnings are determined will follow below).
There are no wrong or correct decisions. When you choose one of the lotteries, this
simply shows that you prefer to play this lottery over the other lottery.
After you have made your decision, you will see the next lottery pair. In part 3 you will
be presented with a total of 60 lottery pairs. After you have made a decision for each of the
pairs, this part ends and you can start the questionnaire.
Your earnings for part 3
After you have made a decision for each of the lottery pairs, the computer will randomly
select one of the 60 lottery pairs. The computer then will check which of the two lotteries
you have chosen for this randomly selected pair. The lottery you have chosen will be played
out. The outcome of the lottery determines your earnings for part 3 of the experiment.
The lottery will be played out at the end of the experiment, that is, after you have
completed all three parts of the experiment. Please note that, although your earnings for
this part will be determined at the end of the experiment, they will only depend on your
decisions in this part of the experiment and chance.
If you have any further questions, please raise your hand and remain seated.
Appendix D: Screenshots
The following pictures depict screenshots from the different phases. The pictures also
include dashed frames which the subjects did not see and are added only to represent the
Areas of Interests used for classifying the number of fixations.
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Figure D.1: Example screenshot of the lottery choice phase (part 1 and 3).
Note: The dashed frames around the outcomes and probabilities are visualizations of the
areas of interest and were not visible to subjects.
Figure D.2: Example screenshot of the lottery evaluation phase in the Price treatment (part
2).
Note: The dashed frames around the outcome and probability are visualizations of the areas
of interest and were not visible to subjects.
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Figure D.3: Example screenshot of the lottery evaluation phase in the Rank treatment (part
2).
Note: The dashed frames around the outcomes and probabilities are visualizations of the
areas of interest and were not visible to subjects.
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